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] Virtual Observatories

Mining NASA/NOAA AVHRR
data and the virtual
observatory data.




Broader Impacts

SBuining Databases from distributed sites
“MCounter-terrorism, bioinformatics

gaionitoring Multiple time critical data'streams
i tEjstiieams in real-times.

Limited power supply
=Preserving privacy )R e
Security/Safety related applications " ” [




Why! Bother?

(LLeft) Datar tablEratsite ;i
(Middle) Datar table at site 2.

(Right) Jeined data table (based on the shared feature x;) needed for
centralized data mining| systems.

Problems:
Construction of the join is computationally expensive

Supporting repeated queries (e.g. for streams) may be too expensive for the
communication-bandwidth.
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B [ Szl Ple 1-t@1!51< Survey (SDSS) and the
& J\/Jr\‘“'“ AVESKY S ey.

fftom SDSS and three filters from

Analyze data frem SDSS and 2MASS:

Cluster the set of objects using attributes from both
the observatories

Identify outliers
Learn classifiers




NRandomized Inner Product
Sompltation

Site 1 computes Z,
Zy =A1.J,+..+An.].

J. € {+1,-1} with
uniform probability

Site 2 calculates Z,,
Z,,=B1.J;+..+Bn.J,

Compute z;,.z,, for a
few times and take the
average
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nduction From Vertically
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PEBLS DIPM and Decision

Trees
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] ,,I-‘I Distrigtied] %;ndc mized Inner Product (DRIP)
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ComputingiRiormation dgain using DRIP.

Information gain' computation can be posed as
an inner product computation problem.




IRieRWaeRNGEaIn Computation

low

Information_Gain(Temp_high,Humidity) = ?




Distributed Accuracy / Centralized Accuracy

0.95

O
©

0.857

o
o

0.75

0.65

Exgpciimental Results

Performance of Distributed vs. Centralized for DNA and COIL Data Sets
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DiEtbuted BN Learning
AN EVESIEINIEL) orlg(BN) IS a probabilistic

cJrelon) i) oqu -

N0 DrOBIEMS: Structure and Parameter




Central Site
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NASADAG/NOAA AVHRR
Pa'th"”' der Data Model

N UIWEGIIERS Ol t1me series data
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" Dataleeoranation

- WEabUIrEISEIRctior
ClUBLETMEE Segment grid points into
|ocal MGBEERGUS Fegions.

Z Score; normalization

Quantization
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EEtliErSelection

- %
e asimenly features as possible.

UrEsSRth followingl characteristics

Werendiopped.

Many missing Values

Multi-layerfeatures

Almost: deterministic features

Used 15 DAO and 7 NOAA features




"OuUtgengiongwavelradiation
OUIGEING shortwave radiation
planetary poundary: layer depth

“total precipitation
precipitable water
net upward longwave radiation at ground
net downward shortwave radiation at ground
temperature at 2 meters
Ground temperature
Surface stress velocity.
vertically averaged uwnd*sphu
vertically averaged vwnd*sphu
Surface wind speed




NOAA features
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glres clzly Plitgoing [Long WaverRadiation clear/day
S rligjnit Putgeng Long Wave Radiation clear/night

~olris dzay Ouigeing Long Wave Radiation total/day

olgis alicnit O 'tgoing ['ong Wave Radiation total/night

tefiday: " Total Eractionall Cloud Coverage day

tcnight Jjetall Fractionall Cloud' Coverage night




Feature Cldfrc in March, 1983

. ol X
Feature Cldfrc in August, 1983
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G oorrlmrJrJon 1d Clustering

-
e I GuorsJ]rmtﬁJ the NOAA dataset
- o DA Grmat.
'Spatib-temporal Clustering: Segment
dataseusHnto lecall homogenous regions in
spatialiand temporall domain.

Each clister'is modeled using a Bayesian
network.




X

SpeEEERiporall Clustering
" Memporallclustering: choose same
| ofltn clzite)

Spatial clustering

Averaderthe data from same month. Get
ONE firame of data in spatial domain.

Clustering: k-mean, fuzzy c-mean, and EM.




GliiBtErng REsults: DAO
.

DAO Fuzzy C-Mean Clustering Resut

DAO K-Mean Clustering Resut DA EM Clustening Resut
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Latitude

NOAA K-Mean Clustering Result
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QUEbiZation Results

Histogram of f8
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SEVESIARNIEWOrk Learning

RESUuIts
- %
4 gpr ]pareﬁ']ﬁ aYéSian Networks:

' srEciiit Using centralized method.

B Eat: Using| collective method.

Metric: structure error = Number of
missing links + Number of extra links.







SONIENIRMIENCIOSS| Links Between
NOAASERE DAO Attributes

SUIHEEENEVAPLIatoN, ASored Solar Flux total/day
olitejdinie) larie varjvé_@jgu Absoerbed Solar Flux total/day

glitcjolrie) leinle J\/\m’:‘ raeigbion), Outgoing LLong Wave Radiation
“JWJJ’/(J 2]/

Drecipitalde wa't: Absorbed Solar Flux

temperatierazZimeters, Outgeing l.ong Wave Radiation
Clear/day

temperature a2 meters, Outgoing L.ong Wave Radiation
clear/night

Ground temperature, Absorbed Solar Flux total/day
Ground temperature, Outgoing LLong Wave Radiation total/night




NASANDAE/INOAASHitCIUrE Learning Results
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Applicationsin Mobile Sensor Networks:
venicienbatarsStream Mining
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PHVacy mianader

Central control station: i@@%ﬂn\/ﬂ

Data Management

Data mining

Communicates with the on-board
modules over wireless networks

Privacy management




o

Corlelusionts
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B Distftjiee c;fE?}m ng: A new way to do
o Oate mIRIRENRTC iStributed environments

APPIICEIBNSHI: Jmlnlng,

sraerdistrbuted collection of repositories
BandWId )/ power constrained sensor networks

Privacy-sensitive multi-party data

Scalable time-criticall analysis of data streams from
different sources







Ublications
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PrEproLessing

m GJus-tar]n% Ehese a cluster that roughly

 COESpeNES terthe rectangular region from
- (170} 605) to (90w, 0)

. scoreé normalization
Quantization: Discretize the continuous

featlre value into discrete levels based on its
histogram.

After above steps, we get 12 datasets, one
for each month (aggregated over years 1983-
1992).
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@iEntization Results
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